INTRODUCTION
Breast cancer is the most frequently diagnosed form of cancer and the most common cause of cancer-related deaths amongst women in Australia. At present it is estimated that 1 in 14, or around 7% of women will be affected by breast cancer at some point in their lives [8] . The specific causes of breast cancer are unknown. Early detection of breast cancer is the key to successful treatment. The most reliable means of detecting breast cancer in its early stages is to conduct regular screening of asymptomatic women by means of mammography [5] . Mammographic interpretation involves a detection phase in which abnormalities are identified, and a diagnosis phase in which a detected abnormality is classified as being either benign or malignant. In the detection phase between 10% and 20% of cancers are missed by current mammographic interpretations [6] . It has been shown that an independent second reading of mammograms could improve the sensitivity of mammography by as much as 15% [2] .
Computer-aided techniques offer a standardised and reliable means of providing such a secondary opinion. The objective of computer-aided detection is to automatically identify suspicious regions within a mammogram. This technique serves to augment the initial interpretation, allowing the final decision on the significance of identified regions to be left to the radiologist. In clinical practice mammograms are often interpreted by analysing corresponding mammograms. Radiologists inspect individual mammograms for characteristic signs of potential cancer by comparing views of the left and right breasts for suspicious bilateral asymmetry, and comparing current studies to previous ones in order to detect developing abnormalities. The work presented in this paper is concerned with issues relating to the automated comparative analysis of mammograms. It is motivated by the problem of mammogram registration and builds on previous work in nonrigid-body medical image registration [14] . Unlike some previous approaches to mammogram registration, which have inherently assumed a rigid-body transformation model, the proposed method uses a nonrigid-body spatial transformation. This paper focuses on the problem of mammogram registration and illustrates the utility of using a nonrigid approach by matching bilateral and temporal mammograms.
COMPARATIVE ANALYSIS
The majority of research into mammographic image analysis has focused on analysing a single image to detect abnormalities. In clinical practice however, mammograms are often interpreted in comparison with different mammographic studies of the same patient. Such comparative readings help radiologists identify abnormalities and determine their clinical significance. This technique is known as comparative analysis. Comparative analysis techniques can be classified on the basis of whether the comparison is temporal or bilateral. The former relates to comparing corresponding mammograms of the same breast taken at different times, whilst the latter refers to comparing left and right (contralateral) mammograms within the same study. Several researchers have used temporal or bilateral subtraction as a comparative means by which to detect mammographic abnormalities [10, 11, [15] [16] [17] . These techniques are forms of synergistic imaging whereby different mammograms are integrated, or fused, to provide synergistic information, i.e. the combination of corresponding mammograms provides useful extra information.
Comparing a pair of mammograms by means of comparative analysis involves a number of distinct, yet related steps. The first stage involves establishing some frame of reference by matching the corresponding mammograms according to some criterion. This process is known as registration. The next stage involves obtaining a difference measure between the two mammograms and using that measure to generate an image that accentuates suspicious entities. Fusion is a technique whereby the information contained in each of the separate mammograms is combined in a coherent manner. This is achieved by subtracting the registered mammograms to generate a difference image. This difference image can then be further analysed to delineate potentially suspicious entities and suppress false-positive responses using techniques such as Artificial Neural Networks (ANN) [1] .
Deformable Behavior of the Breasts
Mammograms are typically obtained by applying compression to the breast using two plates parallel to the image plane. An exact registration must account for twodimensional projections of three-dimensional deformations which occur largely due to changes in position and pressure applied to the breast during the screening. It is difficult to predetermine which forms of misregistration are actually present in corresponding mammograms due to the complexities of image acquisition and anatomical behavior. In any mammographic study, the 3D positioning of the breast, the amount of pressure applied to it through compression and the imaging conditions may vary considerably. This is in addition to the inhomogeneous, anisotropic nature of the soft-tissue within the breast, normal variations in breast tissue over time, and its inherent nonrigid-body behavior. These factors contribute to various spatial differences between breast images, including nonrigid-body deformations.
The Role of Registration
The comparison of corresponding mammograms is a difficult task due to the variability that is present between mammograms of the same breast taken at different times, and mammograms of contralateral (left and right) breasts. Such variations make automated comparison between pairs of mammograms very difficult. The registration of corresponding mammograms involves the removal of such spatial differences. The registration of two corresponding mammograms involves three stages. The first of these, mammogram segmentation, deals with identifying the breast region from each of the mammograms. Next feature extraction is used to extract the breast contours and associated anatomical features from each of the segmented mammograms, and corresponding controlpoints, such as the nipple positions, are identified from amongst the extracted features. During the final stage the mammograms are matched. One of the mammograms is chosen as the reference image and the remaining comparative image is aligned relative to this reference image.
The complexity and inhomogeneity of the breast, together with the projected nature of mammograms makes it very difficult to register mammograms using a rigid model. Precise mammogram registration would require modelling the nonrigid and inhomogenous physical properties of breast tissue, how such tissue is affected by potential changes in patient positioning and pressure applied to the breast during compression. It is therefore difficult to achieve a perfect match, even in normal breasts. It is however possible to derive a model which approximates the nonrigid-body behavior of the breasts. This model should have two components: a rigid component to account for inherent rigid-body motion, and a nonrigid component to account for nonrigid-body deformations.
NONRIGID-BODY REGISTRATION
Many previous approaches to mammogram registration have assumed rigid deformations and have hence matched the mammograms using a rigid-body transformation [12, [15] [16] [17] . We present a new approach to the registration of mammograms using a nonrigidbody transformation to approximately model the inherent nonlinear deformable behavior associated with images of the breast.
Radial Basis Functions
A Radial Basis Function (RBF) [9] is a scattered data interpolation method which provides smooth deformations with easily controllable behavior. An RBF in two-dimensions is composed of two mapping functions each of which is decomposed into a global component and a local component. Although the two components are distinct they are evaluated almost simultaneously, giving rise to a single transformation. Given n corresponding control-points, each of the (k=1,2) mapping functions of the RBF has the following general form:
The first component is a polynomial of degree m or is not present. This global linear transformation assures a certain degree m of polynomial precision (accounting for global affine differences). In general, a linear polynomial (m=1), ie. . Thus the mapping function ) (x f k r is a linear combination of a radially symmetric function g r i ( ) and a low degree polynomial. The coefficients for both mapping functions are calculated by placing the n corresponding control-point pairs into Equation (1) and solving the linear system as given by: 
where T is the matrix transpose operator and 0 is a 3×3 matrix of zeros, and
The Multiquadric RBF
The basis function described in this paper, the Multiquadric (MQ), was first published in 1971 by Hardy [7] . Unlike the Thin-Plate Spline [3] , it is a localised RBF which incorporates a locality parameter used to control the behavior of each of the basis functions, giving less weight to distant control-points and more weight to neighboring control-points. The basis function for the MQ determines the effect of neighboring control-points on the RBF and has the following general form:
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When the exponent µ is negative, the RBF is known as the Inverse MQ. For the purposes of this work, we shall assume µ = 0 5
. . The Multiquadric incorporates a locality parameter, δ , which is used to control the behavior of the basis function, and how it is influenced by neighboring control-points. As the locality parameter δ approaches 0, the basis function g r i ( ) approaches the C 0 distance function i r (linear RBF). As the parameter δ grows the region of influence at each control-point decreases and the effect of the basis function becomes more localised.
The Locality Parameter
The locality parameter determines the visual smoothness of the interpolation at the given control-points. For image matching the selection of δ is critical for good results. Inappropriate values can lead to undesired evenness in the transformation, or foldover. In general, the determination of the optimal value for δ depends upon the number of control-points, whether they are spaced close or far apart and their distribution (dense or sparse). The value for δ described here deals with fixed value for δ , and consists of, the mean radial distance between corresponding control-point pairs in the two mammograms, and is given by: 
RESULTS
To illustrate the notion of using a nonrigid approach to mammogram registration we have applied the Multiquadric RBF to both bilateral and temporal mammograms. The mammograms used were chosen from the MIAS digital mammogram database [13] .
Control-Point Selection
A mammogram segmentation technique adapted from Chandrasekhar [4] is used to identify the breast region and extract the breast contours from each of the mammograms. The distinguishing characteristic of this simple algorithm is its ability to accurately extract the breast contour and the fact that it is one of the few methods which preserves the nipple. An algorithm is then used to determine the position of the nipple [4] . Then, starting with the nipple positions, associated contour points which are equidistant (in terms of the number of contour points from the corresponding nipple positions) are selected from the breast contour and then used as the corresponding control-points between the left and right mammograms.
Bilateral Registration
In the first case two bilateral mammograms were registered with the right mammogram matched relative to the left. The results are shown in Figure 1 . Figure 1a and 1b depict the left and right mammograms respectively. The difference image obtained by subtracting the two images in shown in Figure 1c . Note the extensively mismatched regions especially those near the breast contour. The RBF transformed right mammogram is shown in Figure 1d . The difference image obtained after registration is shown in Figure 1e . Through visual assessment it is obvious that there is a higher degree of correlation between the registered mammograms.
Temporal Registration
The second case involves matching temporal mammograms with the results shown in Figure 2 . In order to mimic a temporal mammogram the right mammogram of Figure 1b has been synthetically deformed and a simulated temporal abnormality, in the form of a mass, has been added (Figure 2b) . The difference image between these mammograms is shown in Figure 2c . It contains a number of, most notably those near the breast contour, which are quite poorly correlated. These differences could complicate the detection process. The result of matching the temporal mammogram (Figure 2b ) with respect to the mammogram from the previous screening (Figure 2a ) is shown in Figure 2d . The associated difference image is shown in Figure 2e . Whilst there are some minor residual differences present in the difference image, overall the technique has effectively removed many of the deformations, with the difference image clearly depicting the suspicious mass. Simulated deformations have been used to perform temporal registration because the form of spatial differences is known a priori, and hence it is possible to determine the validity of the nonrigid registration paradigm.
DISCUSSION
A framework has been presented for the systematic registration of corresponding mammograms. The complexity and inhomogeneity of the breast, together with non-standardised mammographic screening makes it difficult to formulate a model to exact the precise registration of corresponding mammograms. We have however, proposed a methodology which accounts for some of the nonrigid-body characteristics associated with breasts, whilst still taking into consideration the rigid differences introduced as a result of mammographic screening. The focus has been on the use of a suitable nonrigid-body spatial transformation and the identification of appropriate anatomical features to accomplish this task. The guiding principle has been simplicity. Strictly speaking, precise mammogram registration is intractable. One of the major difficulties in retrospectively matching mammograms lies in the fact that they are essentially 2D projection images obtained from a 3D structure. As such it is difficult to remove deformations resulting from changes in the 3D relationship of anatomical structures. The question also remains as to whether or not to remove differences in breast size due to natural volumetric differences between left and right breasts, or indeed temporal changes in the size of a particular breast due to tissue shrinkage.
CONCLUSION
This paper has explored the use of a nonrigid-body approach to mammogram registration. Mammogram registration is inherently complicated by factors such as the inhomogeneous composition of the breasts and their nonrigid behavior. We have developed a technique which accounts for such nonrigid-body idiosyncrasies and allows corresponding mammograms to be registered for subsequent fusion. Future work in this area involves the development of techniques to extract control-points from the inner portion of the breast and integration into a completely autonomous comparative analysis schema. 
